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Abstract Although the conditions that motivate individuals
to buy, sell, search, and post on the Internet are diverse, the
information generated as a byproduct of these activities has
the potential to help marketers develop a better understanding
of consumer and firm behavior. In this paper, we utilize online
product search data to build a model that links sales to mar-
keting mix activity. The objectives of this research are three-
fold: first, to incorporate secondary data collected from online
sources into a model of demand, thus improving our ability to
forecast sales; second, to develop a better understanding of the
role of marketing mix activity in the sales generation process;
and third, generation of “nowcast” or contemporaneous pre-
diction of sales. We illustrate the benefits of our approach
using data for a luxury automobile brand where we use
advertising as an example of marketing mix activity. We show
that our proposed model produces improved sales forecast
relative to standard time series approaches. Further, the spec-
ification of our model is ideal for the generation of a nowcast.
We discuss why nowcasting has the potential to improve
operations in the automotive industry.
Keywords Bayesian estimation . Online search .
Nowcasting .Marketingmixmodeling
1 Introduction
Active consumer participation in online product and informa-
tion markets has created a rich source of secondary data that
has the potential to help marketers develop a better under-
standing of consumer and firm behavior. For example, re-
searchers at Google have used search engine queries to mon-
itor the diffusion and severity of the seasonal flu in the USA
[19]. Economists have used Google Trends data to better
forecast a variety of economic activities including retail, au-
tomotive, and home sales [10, 11, 20]. Research in computa-
tional engineering and finance has shown that the mood states
of Twitter users can help predict the stock market [4]. In
marketing, researchers have shown that there is a positive
correlation between blogging activity and customer acquisi-
tion [30].
Although potentially useful, integrating secondary data
from online sources into existing marketing models in order
to make meaningful policy decisions presents a variety of
challenges, both conceptual and methodological [14, 32].
With the advent of new web services, managers now have
access to large amounts of online activity data (both duration
and number of sources). In the context of the automotive
industry, for example, manufacturers have begun to collect
and archive information about the number and characteristics
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of customers that have expressed interest in their vehicles.
Although the general belief is that this data has value, it is not
clear what the data is informative of, or how it can be incor-
porated into traditional marketing mix models in order to
study dynamics that exist, for example, among sales, online
search, and marketing mix activity. For example, in the afore-
mentioned research using Google trends and Twitter data,
online search has been incorporated directly into the response
model as an independent covariate. In the automotive context
described above, this approach may be problematic as online
search is likely to be endogenous to offline sales; that is, there
may be unobserved common shocks that lead to changes in
both offline sales and online search.
In this paper, we develop a marketing mix model that
accounts for the possibility of simultaneous generation of
sales and search. The form of this model allows us to derive
the predictive distribution of sales, conditional upon observing
a contemporaneous realization of online search. This predic-
tive distribution provides us with a theoretically coherent
approach to predicting the present or “nowcasting” or “Fore-
casts of current events for which data has not been released”
[6]. This approach is especially useful in automobile industry
where online search data is available in real time but the
reporting of actual sales can be significantly lagged. Managers
can therefore benefit from monitoring online search data as
this provides them a way to forecast both current and future
sales. This could provide a manger with real-time insight into
the effectiveness of a marketing campaign, thus allowing them
to make modifications if results are not consistent with
expectations.
In addition to improved forecasting, our proposed model
allows managers to obtain a better, more substantive under-
standing of the role of marketing activity in the sales genera-
tion process. Substantial effort in marketing has been focused
on developing an understanding of the impact of marketing
activity on sales, including the relationship between advertis-
ing and sales [12, 24]. However, understanding the impact of
marketing activity on non-sales-based measures like consum-
er search has received relatively little attention in this litera-
ture. By accounting for the (potentially simultaneous) rela-
tionship between sales and search, our proposed model makes
it possible to determine if the marketing activity: (1) increases
consumer search for additional product information (i.e.,
search escalation); (2) leads to temporal shift in sales that
would have been realized in the future (i.e., purchase acceler-
ation); (3) generates new interest for a product (i.e., interest
generation).
Specifically, our modeling approach treats both offline
sales and online search as dependent variables that are reflec-
tive of a common, unobserved construct that we call latent
interest or interest potential. Implicit in this definition is the
assumption that marketing activity can have different types of
effects: interest generation, purchase acceleration, or search
escalation. Accommodating simultaneity in the sales-search
relationship, in order to understand the various roles of mar-
keting mix activity, presents a variety of challenges for
existing approaches to modeling marketing mix effects. Our
modeling approach allows us to integrate these seemingly
disparate sources of information into a unified framework
and, as such, is one of the important contributions of this
research.
We demonstrate the usefulness of our proposed model by
applying it to time series data from the luxury automobile
segment where we integrate information from three distinct
sources: sales volume, online product search, and advertising
expenditures. In this context, we investigate the process
through which classical forms of advertising (television, print,
and radio) influence the sales generation process. Our findings
provide support for the belief that the role of advertising is one
of latent interest generation rather than purchase acceleration
or simple search escalation.
Taken collectively, our work contributes to the literature in
three ways. First, our modeling approach accommodates si-
multaneity that exists between online search and offline sales
through the inclusion of a common unobserved factor, latent
interest. Second, the structure of our model allows us to test a
variety of specifications regarding the role of marketing mix
activity in the sales generation process. Finally, we show that
our proposed model substantially improves our ability to
nowcast sales relative to standard time series approaches.
The remainder of the paper is organized as follows: In the
next section, we propose our conceptual model that links
online search information with offline sales and marketing
mix activity. We further discuss how the structure of our
model can be used to derive the predictive distribution of
demand, conditional on contemporaneous realizations of
search, thus providing us with a theoretically coherent ap-
proach to nowcasting. We then describe the data used in our
analysis and present and discuss results generated by our
model. In the subsequent section, we summarize our findings
and show how the results of our model can be used to improve
managerial decision making through nowcasting. We con-
clude the paper by discussing avenues for future research.
2 Model Development and Nowcasting
The conceptual framework used to develop our model is
presented in Fig. 1. Although the form of our model general-
izes to all types of marketing mix activity, we highlight the use
of advertising in Fig. 1 in anticipation of our empirical exam-
ple. The dotted lines in this figure indicate alternative paths of
influence of marketing activities that can be examined using
our model. The proposed framework is flexible, intuitive, and
allows us to structurally differentiate the effects of marketing
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activity on system under study: i.e., interest generation, pur-
chase acceleration, or search escalation.
We begin this section of the paper by considering and
explaining the different components of our conceptual frame-
work. We first discuss models that link latent interest with
sales and search and then consider how advertising (or other
forms of marketing mix activity) can be incorporated into the
framework. By so doing, we can easily identify and test
alternative model specifications of advertising effects.
2.1 A Model of Latent Interest, Search, and Sales
As seen in Fig. 1, our conceptual framework is built around
the construct of latent interest. In this context, latent interest is
an unobserved variable that is representative of demand po-
tential within a market. The observation of online search
behavior provides information about consumer interest in a
product and is therefore a reflective measure of latent interest.
In each time period, the magnitude of search is impacted by
latent interest in the market and a set of independent drivers.
Similarly, sales realized in each time period are also a reflec-
tive measure of latent interest. Like search, sales can also be
impacted by additional marketing activity.
By treating both search and sales as (partially) reflective
measures of a common construct, we control for the potential
for simultaneous (i.e., endogenous) generation. This is an
important feature of our model, as previous studies of online
search and offline metrics consistently show strong contem-
poraneous correlation between the two variables. For
example, automobile search with sales [10, 11], search for
cancer and cancer incidence [8], and search for jobs during an
economic downturn and unemployment figures [17]. Given
the preponderance of evidence, dynamic econometric models
must account for the potentially simultaneous relationship
between online search and offline metrics (e.g., sales). By
introducing the concept of latent interest into our model, we
are able to resolve the simultaneity issue both conceptually
(i.e., we provide an explanation for the existence of simulta-
neity) and statistically.
Equation (1) formalizes the relationship between search,
sales, and latent interest. The system of equations in (1)
express sales in each time period, st, as a function of latent
interest that currently exists in the market, dt, and additional
covariates, xt, that have a short-term impact on sales. In this
system, dt can be viewed as a time-varying intercept for the
sales equation that corresponds to expected sales that should
be realized in each time period t, absent any additional pro-
motional activity, xt. Similarly, online search, qt, in our model
is driven by latent interest, dt (albeit at a different scale) and
other possible covariates, zt, which could include, but are not
limited to, the set of covariates that drive sales. Finally, we
allow latent interest, dt, to evolve from period to period
through the inclusion of a carryover term, αdt-1, and a (time-
invariant) growth rate, λ.
st ¼ dt þ x0t β þ εst
qt ¼ κþ γdt þ z
0
tψþ εqt
dt ¼ λ þ α dt−1 þ εdt
ð1Þ
Online 
Search
Oﬄine 
Sales
Latent 
Interest
Adversing
Drivers of salesDrivers of search
Online 
Search
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Sales
Latent 
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Fig. 1 Conceptual model. Linking offline sales, online search, and marketing mix activity
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Equation (1) forms a system where observed sales and
online search are connected through latent interest, dt. Con-
sistent with standard practice in the literature, we assume that
the errors εt
s, εt
q, and εt
d are serially uncorrelated and normally
distributed with mean 0 and variances equal to σs
2, σq
2, and σd
2,
respectively [31]. Dependence between sales and search is
induced directly through latent interest and not through corre-
lated random shocks.
Although the system described by Eq. (1) allows us to
connect online search and corresponding offline sales, it is
unable to capture a variety of patterns commonly observed in
sales data. We therefore generalize the basic model of latent
interest to manifest a carryover effect from the prior time
period. Conceptually, latent interest carryover is the portion
of expected demand from the previous period that was not
realized. This effect is denoted in Fig. 1 as carryover. Mathe-
matically, latent interest carryover is the difference between
latent interest and sales from the previous period, (dt−1−st−1).
As such, latent interest in the current period, dt, is a function of
the baseline growth rate λ and the interest carried over from
the previous period (dt−1−st−1). Note that for simplification,
we use the term “interest carryover” to capture both the case
when latent interest from previous period was not fulfilled
(i.e., dt−1>st−1) and the case when sales from the last period
exceeded latent interest (i.e., dt−1<st−1). The system of equa-
tions in (1) with latent interest carryover can be re-specified
as:
st ¼ dt þ x0t β þ εst
qt ¼ κ þ γdt þ z
0
tψ þ εqt
dt ¼ λþ α dt−1−st−1ð Þ þ εdt
ð2Þ
where α attenuates the carryover of latent interest in the
previous period (i.e., not all unrealized sales may pass through
from period to period).
Although the introduction of carryover latent interest (dem-
onstrated as “carryover” in Fig. 1) seems like a relatively
minor change, it allows us to capture a variety of interesting
features in the market place. First, consider the case where
dt−1>st−1 and α>0. This corresponds to a scenario where the
full potential interest in the marketplace in period t−1 was not
realized as sales, perhaps due to some random demand shock.
Conditional on the value of α, a portion of this interest
potential still exists in the market and can be realized in time
t. A more interesting case is one where dt−1<st−1, that is when
sales exceeded expected latent interest in period t−1. This can
occur when, for example, a firm runs a short-term sales
promotion, as captured by xt−1, that encourages consumers
to expedite purchases they would have made in the future.
Under this scenario, the firm achieves a boost to sales (relative
to expectations) in time period t−1. Given the structure of our
model in Eq. (2), interest in time period t will decrease
according to α(dt−1−st−1). This phenomenon is often seen in
practice and is formally referred to as purchase acceleration or
a post-promotional dip. A benefit of the model structure
presented in Eq. (2) is that it allows us to capture a variety
of interesting sales patterns that can be influenced by mar-
keters. In the following section, we exploit this structure to
study the effects of the marketing mix, and in particular, the
advertising effects as an example.
2.2 Impact of Marketing Activity
The proliferation and wide availability of search data has
resulted in a variety of investigations of the relationship of
search and sales [10, 11]. That said, little research exists that
has incorporated consumer online search into formal market-
ing mix models. We contribute to this literature by proposing a
model that links offline sales and online search to marketing
mix activity. Understanding the role of marketing activity in
the context of a sales-search model has the potential to be a
very valuable tool for marketing managers. In the discussion
that follows, we will restrict our attention to advertising as
element of the marketingmix of interest. That said, the form of
this model will generalize to other types of marketing activity.
A key objective of this research is to develop a better
understanding of the role of advertising in the sales generation
process. Rather than simply including advertising expenditure
as a covariate in our proposed model, we include an estimated
measure of advertising stock or goodwill. This is consistent
with recent studies of advertising effects that have investigated
the forgetting or carryover effects of advertising on sales [2,
5]. Advertising stock is defined as the exponentially weighted
average of past advertising [1, 34] and can be written as:
gt ¼
Xt−1
i¼0
ϕiat−i ð3Þ
where ϕ ϵ [0,1].
Including advertising stock in the model introduces an
additional dynamic component to the model where advertis-
ing expenditures can exhibit a long-term impact on sales
through both the dynamics that exist in the sales-response
system and through their accumulated contribution to gt
(represented as goodwill in Fig. 1). Note that to capture
diminishing returns to advertising expenditures, we
operationalize advertising spend at as ln(1+at). Further justi-
fication for the log specification is provided in Doyle and
Saunders [16] where they demonstrate that for advertising
response models with diminishing returns, linear and expo-
nential functional forms cannot be used. Bass et al. [2] pro-
vides a more recent use of this specification and a detailed
explanation.
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Furthermore, recent research has investigated the indirect
effects of advertising, i.e., the impact of advertising through
consideration sets on choice [34] and through brand beliefs
and consumer actions on purchase likelihood [9]. Findings
from these papers support the presence of the multistage
decision processes that were proposed by early work on
advertising effectiveness by Howard and Sheth [22] and
Lavidge and Steiner [23]. We therefore, propose an alternative
explanation where advertising impacts latent interest (solid
line from advertising to latent interest in Fig. 1) rather than
sales. Thus, advertising has an indirect effect on sales and
search through latent interest which in turn, drives both sales
and online search:
st ¼ dt þ xt0 β þ εst
qt ¼ κ þ γ dt þ z
0
t ψ þ εqt
dt ¼ λþ α dt−1−st−1ð Þ þ gtηþ εdt
ð4Þ
where η captures the impact of advertising stock on latent
interest. Thus, in our proposed model, advertising impacts
latent interest and latent interest drives both sales and search.
We also test a variety of models (described in Appendix A) of
the presumed impact of advertising on sales and search. Next,
we show how our proposedmodel can be used bymanagers in
better predicting sales, given that managers have real-time
access to search data while information on sales data can be
significantly lagged (up to a month or more in the auto
industry).
2.3 Generation of a Nowcast
Like Choi and Varian [10, 11], we find that online search in
the present period is not predictive of future offline sales in our
empirical application. Rather, the two variables are contem-
poraneously correlated (i.e., present period search is predictive
of present period sales). Including search in the model, how-
ever, can still be of practical benefit to a firm. Given the
correlation between search and sales, we can use online search
to generate a nowcast or contemporaneous prediction of sales.
In the context of the automotive industry, this is especially
beneficial because there often exists a significant lag between
the realization and reporting of sales. Search information,
however, can be observed in real time thus, allowing us to
better predict how products are currently faring in the
marketplace.
Given the structure of our proposed model, this is accom-
plished by deriving the predictive distribution of sales in the
next period, st+1, conditional upon observing search in the
same time period, qt+1. To ease exposition and more closely
connect the system estimated in our empirical application, we
omit the collection of covariates, zt, from the equation for
search, qt. As shown in Eq. (5), the predictive distribution of
[st + 1|qt+1, else] is proportional to the joint distribution of
[st+1, qt+1|else] where we integrate out latent interest, dt+1:
stþ1
qtþ1;X tþ1; gtþ1; st; dt;β;λ;α; η;κ; γ;σ2s ;σ2d;σ2q
h i
∝
stþ1; qtþ1
X tþ1; gtþ1; st; dt;β;λ;α; η;κ; γ;σ2s ;σ2d;σ2q
h i
¼Z
stþ1
X tþ1; dtþ1;β;σ2s
h i
qtþ1
dtþ1;κ; γ;σ2q
h i
dtþ1
gtþ1; st; dt;λ;α; η;σ2d
h i
ddtþ1
ð5Þ
Given the parametric assumptions of our model, we can
generate draws of [st+1, qt+1|else] from a normal distribution
with mean:
μstþ1jqtþ1 ¼ X
0
tþ1βþ
σ2dγ qtþ1−κ
 
σ2dγ
2 þ σ2q
þ σ
2
q λþ α dt−stð Þ þ gtþ1η
 
σ2dγ
2 þ σ2q
and variance:
σ2dσ
2
q þ σ2sσ2dγ2 þ σ2sσ2q
σ2dγ
2 þ σ2q
This form of nowcasting provides us with an expectation of
contemporaneous sales performance and allows us to quantify
our uncertainty about the same. We will show later in the
paper that the nowcast generated from our proposedmodel are
more accurate than those developed using standard time series
approaches.
3 Estimation
We estimate our proposed models using Bayesian statistical
methods. By linking online search and offline sales through
unobserved latent interest, our proposed models are consistent
with existing research where critical elements of information
are unobserved [2, 7, 33]. However, our specification of latent,
realized, and carryover interest prevents us from being able to
express Eq. (2) in the canonical state space form [31], thus
creating a variety of estimation challenges. Specifically, our
model specification induces a variety of restrictions on the
coefficient matrix that prevent us from using existing software
for estimation (e.g., the Kalman Filter). As such, we develop
an estimation algorithm, where at each iteration in the sampler
we first project out the latent interest vector, d=(dt,…,d1)
', and
then treat it as a conditioning argument and sequentially
sample from the full conditional distributions of the remaining
model parameters. The draw of ϕ (Eq. 3) is executed using a
Metropolis-Hastings algorithm. Details of the full estimation
180 Cust. Need. and Solut. (2014) 1:176–187
algorithm appear in Appendix B. We run the chain for 20,000
iterations and use the last 5,000 iterations for estimating the
posterior estimates of the parameters and use trace plots to
assess the convergence criterion. The efficacy and mixing
properties of our estimation routine were tested using a sim-
ulation study. Appendix C presents the results of our simula-
tion study, where we generate the data using our proposed
model (M3, Eq. 4) and demonstrate that we can recover the
true parameter values.
4 Data
Empirically, we explore the impact of advertising on sales and
online search in the context of the automotive industry. Data
for this project are provided by a national marketing research
consultancy that specializes in the automotive industry and
consist of weekly observations of three independently collect-
ed components for a well-known luxury automobile brand:
unit sales (s), online search information (q) and advertising
expenditures (a). The data are specific to a particular region
(i.e., one of the largest DMAs in the USmarket) and consist of
51 weekly observations. Descriptive statistics for the data set
appear in Table 1 and time series plots of the key variables are
provided in Fig. 2. We estimate our models and report our
results using the first 49 weeks in our data set and withhold the
remaining 2 weeks in order to assess predictive fit. To ensure
that the short holdout period was not driving our results, we
also estimated each model using a longer holdout period
(5 weeks) and obtained similar results on both model fit and
cross-model comparisons.
4.1 Unit Sales
For each week in the sample, we have access to the total
number of new units sold in all dealerships within the market
in question. As shown in the top panel of Fig. 2, the unit sales
series appears to be stationary (e.g., it does not exhibit any
pronounced seasonal or trend features). There are, however,
recurrent spikes in sales that correspond to the retail close date
(i.e., the end of the fiscal month). The spikes in sales can be
attributed to two possible causes: (1) an acceleration of pro-
motional incentives designed to help the dealership meet its
monthly sales quota and/or (2) a delayed reporting of sales that
occurred earlier in the month. As we do not have direct
measurements of either of these potential explanations, we
control for the observed spikes in sales by including an indi-
cator variable for the monthly close date in our set of covar-
iates, xt.
4.2 Advertising Expenditures
Advertising data consist of the total dollar amount spent on
traditional media (print, radio, and television) during each
week. The data are provided by a media tracking firm that
monitors and records advertising broadcast/published inmajor
media outlets (network and cable television, newspapers, and
radio). Conditional on the source of the advertisement and
breadth of exposure (i.e., the time it was shown on television),
the firm is able to compute the expected cost associated with
the advertisement. Normalizing the cost of each advertisement
in terms of its dollar amount allows us to aggregate over
disparate forms of marketing communication. Given the lim-
ited number of observations in our data set, we combine
expenditures on print, radio, and television into a single,
composite media expenditure variable.
4.3 Online Search
Search data are provided by an automotive analytics vendor
that specializes in the collection and aggregation of online
automotive data. Specifically, the firm collects data from
prospective buyers who express desire in either purchasing
or learning more about a vehicle. For example, a record is
created in our data set when a prospective buyer configures
and/or requests a price quote through a site like edmunds.com.
In order to initiate this process, the buyer must input their zip
code, thus allowing us to connect these records to specific
geographical regions. In the automotive industry, this type of
information is also referred to as consideration, demand, or
“hand-raising” data. Our data set on search contains
Table 1 Description of data, model parameters, and summary statistics
Variable Description Mean Std Dev
Observed Variables
st Unit sales 505 236
qt On-line search 3,679 800
at Advertising expenditures (1,000’s) $120 $147
xt Covariates - End of Month indicators
Latent Variables
dt Latent interest (linking sales and search)
gt Advertising stock
Model parameters
α Effect of carryover interest from
previous period
β Direct impact of covariates on sales
γ Effect of latent interest on online search
δ Effect of advertising stock on online search
η Effect of advertising stock on latent interest
θ Effect of advertising stock on sales
κ Baseline search rate
λ Baseline interest excluding any
carryover effects
8 Decay rate for advertising stock
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information aggregated (by the automotive analytics vendor)
from 117 different online sources.
5 Alternate Models and Results
In this section, we present all the different alternate model
specifications and the results for the fit and parameter esti-
mates of our best fitting model.
5.1 Alternate Models
We compare our proposed model to a variety of models
commonly used in the time series literature. Also, given our
proposed model in Fig. 1, we can specify a variety of alternate
models that differ in terms of the presumed impact of adver-
tising. This is accomplished by allowing advertising to enter
the system as a covariate in one or more of the three equations
in the dynamic system. For example, we could allow adver-
tising to directly impact sales st, or, rather, it could directly
impact search. By searching over the full space of prospective
models and identifying the one that best corresponds to our
observed data, we can make inference about the role of
advertising in the sales generation process. Our proposed
model allows us to test for purchase acceleration, interest
generation, and search escalation effects of advertising
expenditures.
Specifically, we test the following models: (1) an AR(1)
model without any covariates (i.e., sales regressed on lagged
sales); (2) an AR(1) model with online search, advertising,
and covariates (contemporaneous and lagged); (3) a Vector
Auto Regressive Model (VAR) with sales, online search, and
advertising all included as endogenous variables and covari-
ates included as exogenous variables; (4) model of realized
interest only (M0—Eq. (1)); (5) model of latent interest carry-
over (M1—Eq. (2)); (6) model of purchase acceleration (M2—
Eq. A.1, Appendix A); (7) our proposed model of interest
generation (M3—Eq. (4)); (8) model of search escalation
(M4—Eq. A.2, Appendix A); (9) model of sales and search
(M5—Eq. A.3, Appendix A); and (10) model of interest and
search (M6—Eq. A.4, Appendix A).
The AR(1) models ignore the potential endogenous rela-
tionship between online search and offline sales. The VAR
model addresses the endogeneity issue but lacks the flexibility
and richness that our model provides in understanding the role
of advertising in online search and offline sales. We also
examine four alternative models of the relationship between
advertising and sales. Each model is characterized according
to its simulated impulse response function (IRF) presented in
Fig. 2 Time series plots of
observed data
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Fig. 3. The IRF, widely used in time series literature (for
example, [29]), is computed by first striking the system (i.e.,
creating an impulse in advertising spend) and then observing
how the resulting energy diffuses throughout the system over
time (i.e., what is the impact on sales?). This process is
repeated and displayed for both sales (st) and search (qt). For
simple illustration purposes, the covariates, xt, are assumed to
be 0 and the advertising impulse, at, occurs only in week 4.
For example, the upper left panel of Fig. 3 shows the IRF for
Model 1 (M1), a model where advertising has no impact on
either sales or search, hence the horizontal line for each. For
Model 4 (M4), however, advertising impacts only online
search but not sales and hence the IRF shows a horizontal line
only for sales.
By examining the implied IRF for each alternative model,
we are able to observe the qualitative differences in each
specification as well as the empirical patterns of data required
for identification. For example, Eq. (4), i.e., model M3, corre-
sponds to a model of latent interest generation. This can be
seen in the corresponding IRF in Fig. 3. An increase in
advertising gives rise to an immediate increase in both sales
and search behavior. Although the effect dissipates in
subsequent periods, it never drops below 0, thus the net effect
of advertising is always positive. Specific details of each
model are discussed in Appendix A.
5.2 Results
Table 2 reports the in-sample and holdout predictive fit for all
models: the seven models proposed (M0–M6) and the three
traditional time series models. For all models presented, we
compute the mean absolute percentage error (MAPE) and
Theil’s U [31] for both in-sample and hold-out sample. Both
MAPE [2] and Theil’s U are independent of the scale of the
data, thus allowing for easy, more meaningful interpretation.
We report Theil’s U, because it compares the MSEs of the
proposed model with a “no-change” model [15]. Smaller
values for MAPE and Theil’s U are indicative of better model
fit.
Interestingly, the traditional time series models (i.e., AR(1)
and VAR) do not fit the data as well as the proposed models
that account for interest carryover and the indirect effect of
advertising. Furthermore, we find that models with direct
impact of advertising stock on sales (M2) or online search
Fig. 3 Simulated impulse
response functions (M1–M6)
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(M4) fit the data poorly. The fit statistics shown in Table 2
indicate that the best fitting model is M3, in terms of both in-
sample and hold-out fit. This implies that primary influence of
advertising on sales and online search is realized through
latent interest. It is also worth noting that the fit statistics
indicate that models M6 and M3 perform similarly for the
holdout sample. This can be explained by noting that the only
difference in specification between models M3 and M6 is the
influence of advertising stock. In M3 advertising, stock only
influences latent interest while it influences latent interest and
online search in M6. Upon further investigation, we find that
the parameter estimates for models M3 andM6 are very similar
and the impact of advertising stock on online search (δ) is not
significant (parameter estimates for M6 are available from the
authors). As such, M6 reduces to something very close to M3.
This result further supports M3 as the best fitting model. Taken
collectively, these results support the belief that the role of
advertising is one of interest generation (M3) rather than pur-
chase acceleration (M2) or online search escalation (M4).
Table 3 provides the coefficient estimates for M3, our best
fitting model. Reported are the posterior means and standard
deviations for all the parameters in the model. The parameter
estimates appear to be reasonable in terms of both their mag-
nitude and algebraic signs. For example, the coefficient of
interest carryover (α=0.259) is positive, indicating that at
every time period, there is a certain portion of the latent
interest from the previous period that still exists in the market
place. Therefore, interest carryover from the previous period
has a large positive impact on the current period latent interest.
The end of month indicator (EOM) used as a covariate is
significant and positive (β=0.725), which supports the gener-
al notion that there are usually higher sales toward the end of
the month when dealers are trying to meet their quotas.
In addition to the results presented above, there are three
key parameters of interest that are worth discussing. First, we
find that latent interest has a significant positive impact on
consumers’ online search behavior (γ=0.287). This result is
important, as it supports our hypothesis that both search and sales
are reflective measures of underlying interest. Second, we find
that advertising stock also has a significant positive effect on
latent interest (η=0.076), thus influencing both sales and search.
This result is also important as it demonstrates a relationship
between advertising and sales (and search), something that is
often difficult to show in the context of a marketing mix model.
Finally, the diminishing effect of advertising over time is also
significant (ϕ =0.066) and is consistent with previous studies [2,
26]. This implies that there is some, albeit slight, contribution of
advertising to an overall stock variable. This stock, however,
decays rapidly, lasting just a little over a week (1.06 weeks in
expectation). As such, firmsmust frequently replenish their stock
of advertising goodwill in order to realize the benefits.
6 Discussion and Conclusion
We demonstrate that the standard models with advertising and
search as covariates in an AR(1) model, or search, advertising,
Table 2 Model fit statistics (in-
sample and holdout predictions) In-Sample Holdout
Model Description MAPE Theil’s U MAPE Theil’s U
AR(1) without covariates 28.6 % 0.635 14.6 % 7.461
AR(1) with search and advertising 24.5 % 0.545 18.8 % 11.290
VAR with search and advertising 24.6 % 0.555 16.7 % 11.960
M0—realized interest only 15.8 % 0.329 27.1 % 14.450
M1—latent interest carryover 12.1 % 0.249 24.3 % 12.795
M2—purchase acceleration 10.4 % 0.216 13.1 % 7.004
M3—interest generation 9.9% 0.206 10.2% 5.537
M4—search escalation 12.1 % 0.251 24.7 % 12.860
M5—sales and search 11.0 % 0.222 13.0 % 6.857
M6—interest and search 11.0 % 0.223 10.3 % 5.645
Table 3 Posterior parameter estimates for the best fitting model (M3)
Parameter Mean Std Dev
β—EOM indicator 0.725 0.096
λ—Baseline interest 5.886 0.071
α—Effect of latent interest carryover 0.259 0.125
κ—Baseline search rate 6.459 0.807
γ—Effect of latent interest on search 0.287 0.135
η—Effect of advertising stock on interest 0.076 0.028
8—Advertising discount rate 0.066 0.156
σ
2
s—Error variance - Sales 0.041 0.014
σ
2
d—Error variance - Latent interest 0.030 0.012
σ
2
q—Error variance - Search 0.048 0.010
Reported estimates have more than 95 % of the posterior mass away
from zero
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and sales in a VARmodel, fit the data worse than our proposed
approach. The fit statistics in Table 2 provide strong evidence
that a model of interest carryover where advertising effects are
manifest through latent interest provides a better explanation
for the link between online search and offline sales in the
luxury automobile category. The primary reason for this im-
proved fit is that our proposed modeling approach accounts
for the contemporaneous correlation between search and sales
and is flexible in capturing changes inherent in automobile sales
data. For example, introduction of the latent interest carryover
captures instances where full interest potential is not realized
(dt−1>st−1) and scenarios where sales exceeds expected interest
(dt−1<st−1) due to short-term sales promotions.
Our modeling approach has the potential to help managers
determine if their current levels of marketing mix, in particu-
lar, advertising are too high or too low based on the advertis-
ing stock and the diminishing effect of advertising over time.
This can provide managers with insight into the amount of
investment (based on advertising stock) and the time duration
between the exposures (based on diminishing effect of adver-
tising) required to make their brand advertising more effec-
tive. Our research also tests the direct and indirect effects of
advertising on sales and search. We demonstrate that adver-
tising has an indirect impact on sales and search through latent
interest.
Furthermore, information about the number of people who
specifically search online for a given product provides a good
indication of the portion of sales that a manager can expect in
the present or future in a given region. Our proposed method-
ology provides managers with a tool that allows them to
incorporate secondary search data into models of sales and
marketing mix to better understand and predict sales. To this
effect, we propose a theoretically coherent approach to derive
the predictive distribution of sales conditional upon observing
a contemporaneous realization of online search. This predic-
tive distribution therefore provides managers with a way to
generate a contemporaneous forecast or nowcast which is
particularly relevant in the automobile industry.
The benefits of the nowcasting approach are shown in
Fig. 4 where we contrast actual sales over a 15-week holdout
period to predicted sales using nowcast derived in Eq. (11),
and to predicted sales generated from a simple AR(1) model
which includes end of month indicators as covariates, as well
as to those generated from the VAR model which treats sales,
search, and advertising expenditure all as endogenous vari-
ables. We use a longer time frame to illustrate the fact that,
conditional on observing search, our approach can generate an
accurate forecast of sales well into the future. During the 15-
week forecast period, the MAPE for the AR(1) model is
110.0 % whereas the MAPE for the VAR model is 38.2 %
Fig. 4 Illustration of nowcast
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and the MAPE for our model is 30.5 %. This difference in
predictive fit is a direct result of both the structure of our
model and the inclusion of search as a contemporaneous
predictor. In particular, the inferior performance of the
AR(1) model in predictive fit relative to our model and the
VAR model suggests that it is indeed beneficial to incorporate
online search information into the nowcast. Between the two
models that do incorporate online search information, our
model structure provides a better predictive fit than does the
VAR model. Thus, it clearly demonstrates that our proposed
approach of using online search data to generate contempora-
neous prediction of offline sales could be a valuable tool for
managers.
7 Future Research
This work raises a variety of additional questions that are
worthy of future research. First, we observe a strong, contem-
poraneous relationship between online search and offline
sales. This result is similar to [10, 11] conclusion regarding
the relationship between online search observed through Goo-
gle Trends and a variety of offline metrics. Although we show
that these contemporaneous relationships are useful for model
construction and nowcasting, it would be of great benefit to
both the academic and practitioner community to identify
forms of online behavior that are predictive of future behavior.
It is possible that consumers engage in systematically differ-
entiated search behavior at various stages of the purchase
process. If this is the case, research is needed that connects
micro-level search behavior to the various stages of the pur-
chase funnel, thus enabling the prediction of consumer atti-
tudes and behavior.
Second, in this research, we only incorporate a specific
element of the marketing mix (i.e., advertising), but it would
be interesting to include and test other forms, i.e., promotions
and pricing as well. It would also be useful to extend our
research to incorporate a variety of forms of advertising. In
this paper, we find that classical advertising (TV, radio, print)
results in the creation of new interest for a brand. It is likely
that the role of other types of marketing activities may influ-
ence the sales generation process in diverse, possibly interac-
tive ways. By fitting a model that incorporates multiple mar-
keting actions, we could begin to assess their relative strengths
and weaknesses, thus allowing us to provide guidance as to
the optimal allocation of resources.
Finally, we are limited by our data to sales and search for a
single automotive brand. It would be interesting to explore a
similar model specification constructed in a competitive con-
text. This would allow us to determine if and to what extent
own-brand activities can actually create demand for the cate-
gory (i.e., category expansion effects). Also, incorporating
information about competitive brand search and marketing
mix could be an interesting extension. We are not aware of
research that integrates both competitive search and compet-
itive advertising into models of own-brand effects. We believe
the modeling approach developed in this paper could be used
to effectively explore this area. We leave these issues for
future research.
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